Abstract Reference evapotranspiration (ETo) is an important variable in hydrological modeling, which is not always available, especially for ungauged catchments. Satellite data, such as those available from the MODerate Resolution Imaging Spectroradiometer (MODIS), and global datasets via the European Centre for Medium Range Weather Forecasts (ECMWF) reanalysis (ERA) interim and National Centers for Environmental Prediction (NCEP) reanalysis are important sources of information for ETo. This study explored the seasonal performances of MODIS (MOD16) and Weather Research and Forecasting (WRF) model downscaled global reanalysis datasets, such as ERA interim and NCEP-derived ETo, against ground-based datasets. Overall, on the basis of the statistical metrics computed, ETo derived from ERA interim and MODIS were more accurate in comparison to the estimates from NCEP for all the seasons. The pooled datasets also revealed a similar performance to the seasonal assessment with higher agreement for the ERA interim (r=0.96, RMSE= 2.76 mm/8 days; bias=0.24 mm/8 days), followed by MODIS (r=0.95, RMSE=7.66 mm/8 days; bias=−7.17 mm/8 days) and NCEP (r = 0.76, RMSE = 11.81 mm/8 days; bias = −10.20 mm/8 days). The only limitation with downscaling ERA interim reanalysis datasets using WRF is that it is timeconsuming in contrast to the readily available MODIS operational product for use in mesoscale studies and practical applications.
Introduction
The Prediction in Ungauged Basin initiative has been under practice for more than a decade (Sivapalan 2006; Sivapalan et al. 2003) , with the main aim to solve the problems of ungauged basins which has been a major challenge to hydrometeorologist (Gupta et al. 2014) . Datasets from satellites and mesoscale models could provide a possible solution for ungauged basins (Srivastava et al. 2013d) . For most of the hydrometeorological studies, reference evapotranspiration (ETo) is an important variable; however, it is not usually available for ungauged basins. The importance of estimating ETo is paramount for improving short-and medium-term hydrological and meteorological modeling (Ishak et al. 2013) . It influences the exchange of water and energy fluxes at the land/ atmosphere interface and is a key variable influencing the conditions responsible for the evolution of weather and climate over continental regions (Thakur et al. 2012; Wetzel and Chang 1988) . ETo has also shown a significant effect on catchment water balance studies and is important for assessing climate change effects on natural and agricultural ecosystems (Kustas and Norman 1996) . It has a number of applications in a range of disciplines, including water resource management, drought monitoring, irrigation application and agriculture, climate change, meteorology, and environmental management (Cristóbal and Anderson 2013; Srivastava et al. 2013e) . However, ETo is difficult to estimate particularly over large areas, as large uncertainties remain on its temporal and spatial repartition, which depends on many interacting processes (Ghilain et al. 2011; Petropoulos et al. 2013 Petropoulos et al. , 2014 .
Conventionally, evapotranspiration (ET) can be estimated from ground-based measurements (Kashyap and Panda 2001; Novák 2012; Petropoulos et al. 2013) . However, these ground-based observations have limited spatial representation, covering only a small fraction of an area. Hence, such observations can be inappropriate for larger areas which require a large number of observation sites. This is due to the large changes in energy transfer processes from increased landscape heterogeneity at larger spatial scales (Caylor et al. 2006; Detto et al. 2006) . The advent of remote sensing technology and mesoscale models over the last few decades has led to the development of a considerable amount of work in determining whether such systems can provide spatially explicit ETo datasets (Srivastava 2013) . A number of resources have been developed for estimating ETo at various spatial and temporal scales by exploiting data from satellite sensors such as the MODerate Resolution Imaging Spectroradiometer (MODIS) MOD16 product (Mu et al. 2011 ) and numerical weather prediction models, e.g., the Weather Research and Forecasting (WRF) model and MM5 (Mu et al. 2011; Srivastava et al. 2013e) . Therefore, numerous operationally distributed products are now available to obtain the estimates of ETo (Petropoulos et al. 2014) .
The WRF system is widely used by a number of researchers for monitoring and estimating weather variables responsible for the evolution of climate in the region at local, regional, and global scales (Wei et al. 2013) . Many researchers have also performed studies on WRF dynamical downscaling in various parts of the world (Caldwell et al. 2009; Heikkilä et al. 2011) . Some researchers have also attempted ETo estimation from MM5/WRF-derived global reanalysis datasets such as those from the National Centers for Environmental Prediction (NCEP) and European Centre for Medium Range Weather Forecasts (ECMWF) reanalysis (ERA) interim (Ishak et al. 2010; Jang et al. 2010; Srivastava et al. 2013e) . A number of validation attempts have also been applied to the MODIS evapotranspiration products (MOD16) in the technical literature domain (Cleugh et al. 2007; Conrad et al. 2007 ). All the approaches, either satellite based or mesoscale modeled, are aimed to provide a global estimate of ET at different spatial and temporal scales which can be used for different hydrometeorological applications. Comprehensive reviews of the available techniques can be found in Courault et al. (2005) , Pereira et al. (2015) , and Temesgen et al. (2005) .
From many years, several methods to estimate ETo have been proposed and developed, but a universal consensus on the suitability of any given approach for a given climate has yet to be decided (Yoder et al. 2005) . This necessitates the validation of the ETo outputs derived by the different methods in a variety of ecosystems worldwide. From the knowledge gained from such validation studies, the parameters and algorithmic structures of such products could be reevaluated and assessed, identifying the limitations of such products (Jackson et al. 2012) . Moreover, different types of applications which involve satellite products need statements about their validation accuracy (Kalivas et al. 2013; Morisette et al. 2006 ). Yet, to our knowledge, studies which evaluate the accuracy of these products and the performance of such products with different seasons are still lacking, despite the urgent need for accurately determining ETo, due to its interdisciplinary relevance to many research studies and practical applications. Such information can potentially provide tremendous support in sustainable water resource management as well as policy and decision making, particularly so for water-limiting environments.
In purview of the above, this study aims at evaluating the accuracy and seasonal performances of three globally distributed datasets for evapotranspiration estimation, namely, the MODIS (MOD16) and two global reanalysis datasets from the ERA interim and NCEP downscaled using the Weather Research and Forecasting (WRF) model. These products were evaluated against corresponding ground-based station datasets for their performances. As these operational datasets are globally available, the findings of this study will further help the user's community to identify the applicability of ETo dataset with respect to seasonal choice and overall quality.
Materials and methodology

Study area and datasets
The meteorological station is located near the Brue catchment (central coordinates 51.11°N and 2.47°W), South West England, UK. The catchment is predominantly grassland with short green cover of uniform height and with adequate water status in the soil profile. It is predominantly a rural catchment with pasture land and modest topography (Srivastava et al. 2013b) . The size of catchment is small, around 135 km 2 . It is one of the most suitable catchments in the UK in terms of having the best quality control datasets which were initially designed for the HYdrological Radar EXperiment (HYREX) provided through the British Atmospheric Data Centre (BADC), UK (Srivastava et al. 2013c) . The layout of the Brue catchment is shown in Fig. 1 including the locations of the WRF domains.
The observed meteorological datasets are provided by the BADC, UK. That includes wind, net radiation, surface temperature, and dew point, which were used to estimate the ETo.
The global ECMWF ERA interim and NCEP reanalysis datasets used in this study can be downloaded from their respective websites (http://www.ecmwf.int/ for ECMWF and http://rda.ucar.edu/ for NCEP). ERA interim is a global atmospheric reanalysis datasets, produced with an Integrated Forecast System (IFS). It is available from 1979 to present and continues to be updated in real time. The system uses a fourdimensional variational analysis (4D-Var) obtained by successive linearizations of the model and observation operator (Courtier et al. 1994; Veersé and Thepaut 1998) . A brief background of the technique on which the retrieval of the ERA interim product is based upon is provided in Dee et al. (2011) . The 3 months of the datasets (April 2011 , July 2011 , and October 2011 corresponds to three seasons in the UK, spring, summer, and autumn, which were used in this study to simulate the WRF model. The resolutions of these data are 1°×1°in space updated every 6 h in time. The MOD16 Global Terrestrial Potential Evapotranspiration (PET) datasets provided by the NASA/EOS project (http://www.ntsg.umt.edu/ project/mod16), and the WRF downscaled weather variables derived ETo are compared against measured ground observations. The MOD16 global evapotranspiration datasets are regular 1 km 2 land surface datasets for the global vegetated land areas and are available at 8-day interval. To avoid the temporal mismatch, all the datasets (NCEP and ERA interim) are converted to the same temporal resolution as MOD16, i.e., on every 8-day basis. The flowchart depicting the methodology implemented in this study is illustrated in Fig. 2 .
Weather research forecasting model
The mesoscale model used in this study is a next-generation, nonhydrostatic, with terrain following eta-coordinate mesoscale modeling system, enriched with the Advanced Research WRF (ARW) dynamic core version 3.1 (Schwartz et al. 2009 ). It is designed to serve both operational forecasting and atmospheric research needs (Skamarock et al. 2001 ). The WRF model is centered over the Brue catchment with three nested domains (D1, D2, and D3) of horizontal grid spacing of 81, 27, and 9 km ( Fig. 1) . Recent research by Srivastava et al. (2013a) on the same catchment indicated that after downscaling, the domain 3 (D3) datasets indicated a higher performance in providing hydrometeorological variables as compared to the other domains (D1 and D2). This reveals that WRF is able to downscale weather variables with some better performance as compared to coarse-resolution datasets (Srivastava et al. 2013d) . Hence the high-resolution domain D3 was used in this study. WRF was used to downscale the global datasets, including wind, solar radiation, surface temperature, and dew point, which were used for calculating ETo.
The WRF is operated on a two-way nesting scheme with boundary conditions imposed every 6 h using the ERA interim and NCEP final reanalysis datasets (1°×1°F NL). The WRF physical options used in the study were the WRF Dudhia short-wave radiation (Dudhia 1989) and rapid radiative transfer model (RRTM) long-wave radiation (Mlawer et al. 1997 ) with Lin microphysical parameterization. The third-order Runge-Kutta was used for the time integration, while the sixth order center was used for the spatial differencing scheme. Runge-Kutta method is easy to apply and stable for centered and upwind advection schemes. The Betts-Miller-Janjic cumulus parameterization schemes were used with the Yonsei University (YSU) planetary boundary layer (PBL) scheme (Hu et al. 2010) . The BMJ scheme was used because it considers a sophisticated cloud mixing scheme in order to determine entrainment/detrainment which is found to be more applicable for nontropical convections (Gilliland and Rowe 2007) .
The Arakawa C grid was used for the horizontal grid distribution, while the thermal diffusion scheme was used for the surface layer parameterization. The surface physics options included multilayer land surface models (ranging from a simple thermal model to full vegetation and soil moisture models), snow cover and sea ice with turbulent kinetic energy prediction, nonlocal K schemes, and planetary boundary layer physics schemes. The top and bottom boundary conditions chosen for the study were gravity wave absorbing (diffusion or Rayleigh damping) and physical or free slip, respectively. The Lambert conformal conic projection was used for the model horizontal coordinates. The most of the ARW equations were formulated using a terrain-following hydrostatic-pressure vertical coordinate. In the vertical, 28 eta levels were used up to 1 hPa. Eta models reduce the error in pressure gradient force (PGF) calculation and improve the forecast of wind, temperature, and moisture changes in areas of steeply sloping terrain (Mesinger and Black 1992 ). Application eta model improve the forecasts of low-level convergence result in better precipitation forecasts. Furthermore, it is also found that it can often improve forecasts of cold air outbreaks, damming events, and leeside cyclogenesis (Black 1994) . The configuration of the WRF model used in this study is summarized in Table 1 .
Evapotranspiration estimation from MODIS satellite and mesoscale model
Evapotranspiration from MODIS satellite
The Moderate Resolution Imaging Spectroradiometer (MODIS) is a key instrument aboard the Terra and Aqua satellites with swath width of 2,330 km enriched with 36 spectral bands between 0.405 and 14.385 μm. MODIS has been selected among other operational optical satellites for its suitable characteristics, mostly, due to its daily temporal resolution and free near real-time data availability. The main goal of MOD16 project is to estimate global terrestrial ET from Earth land surface by integrating the satellite remote sensing data. The MOD16 provide global evapotranspiration (ET), latent heat flux (LE), potential ET (PET) and potential LE (PLE) datasets at regular 1 km 2 land surface grids. ET datasets for the global vegetated land areas are available at 8-day, monthly, and annual intervals (Mu et al. 2011) . The 8-day MOD16A2 QC field is inherited from MOD15A2 in the same period. The MOD16 ET datasets are estimated using the improved ET algorithm given by (Mu et al. 2011) . It is based on ground observed meteorological observations and remote sensing data from MODIS to estimate global ET. The ET product takes account of the vapor pressure deficit and minimum air temperature constraints on stomatal conductance and uses leaf area index as a scalar for estim at i n g c a no p y c o nd u c t a n c e (M u e t a l . 2 0 11 ) . Furthermore, in the current algorithm, the normalized difference vegetation index is replaced with the enhanced vegetation index which adds calculations of soil evaporation to the previously proposed remote sensing PenmanMonteith (PM) method . It is important to mention that the catchment used in this study is predominantly grassland with short green cover of uniform height, completely shading the ground, and with adequate water status in the soil profile. In the case of grasslands, ETo closely resembles the physical condition as described for PET. Hence, at grassland, both PET and ETo can be safely assumed equivalent to each other (see the FAO56 criteria for ETo and PET). 
ETo from mesoscale model-derived variables
The ETo from the WRF downscaled meteorological and observation stations variables are calculated using the Penman and Monteith (PM) method proposed and developed by Monteith (1965) and Penman (1956) as given in the FAO56 report (Allen et al. 1998 ). The ETo (in mm/h) according to the PM equation is as follows:
where Δ=slope of the saturated vapor pressure curve (kPa/°C ), R n =net radiation at the crop surface (MJ/m 2 /h), G= soil heat flux density (MJ/m 2 /h), γ= psychrometric constant (kPa/°C), T = mean air temperature at 2-m height (°C), e s =saturation vapor pressure (kPa); e a =actual vapor pressure (kPa), e s −e a = saturation vapor pressure deficit (kPa), U 2 =wind speed at 2-m height (m/s), r a (aerodynamic resistance)=208/U 2 s m −1 , and r c (canopy resistance)= 70 s m −1 . The hourly ETo fluxes are converted to 8-day basis, in order to compare against MODIS observations.
Statistical analysis
To quantify the agreement between the ETo predicted by the different models and the corresponding measured data, a set of statistical metrics were computed. Descriptive statistics were provided using the Box and Whisker plots. The plots are described by five parameters: median, lower and upper extremes, and lower and upper quartiles. The ETo estimates from the ERA interim and NCEP downscaled weather variables and MOD16 product were compared against the stationbased derived ETo. Three performance statistics were used (Willmott 1982) : correlation coefficient, root-mean-square error (RMSE), and bias. In particular, correlation (r) was computed based on the following formula:
The root-mean-square error (RMSE) was calculated using the equation:
The absolute bias (bias) measures the positive or negative deviation of the measured value from the true value. It can be calculated using the following relation:
where x is the mean of ground-based measurements, and y is the mean of estimated measurements. For summarizing the results, a Taylor plot (Taylor 2001) was implemented through the R statistical package. It provides a way of graphically summarizing how closely a pattern matches observations. Interactively, the Taylor plot provides visualization of three statistical indices at a time, such as correlation, standard deviation, and centered root-mean-square deviation (RMSD). The perfect match between the model and the observed data can be seen in the Taylor plot. All the analyses are performed on the R programming language (freely available from http://www.r-project.org/).
Results and discussion
Evaluation of mesoscale model downscaled meteorological variables
As mentioned in Section 2.2, the WRF mesoscale model was used to simulate the hydrometeorological variables over the study area. These calculations were made on an 8-day basis, the same as the MODIS datasets, representing the dominant seasons in the UK during the year 2011. Performance statistics from both seasonal and pooled datasets were taken into account to explore the efficiency of the WRF model. The two statistical indices, i.e., RMSE and bias, were calculated between the WRF downscaled weather variables (wind speed, dew point, surface temperature, and solar radiation) and station-based measurements. The results indicated that on a seasonal and pooled basis, the NCEP datasets gave the largest discrepancies when compared with the ERA interim derived variables and measured datasets. The downscaled datasets from ERA interim indicate a lower RMSE for all the four variables than the variable from NCEP. Similarly, meteorological variables downscaled from the ERA interim dataset exhibited the smallest bias in the datasets. The wind speed showed the highest discrepancies during all seasons under consideration. This is in agreement with the results obtained by previous researchers (Ishak et al. 2010) . Based on the RMSE and bias performance indices, dew point and temperature displayed the highest performance, indicated by low RMSE and bias. Furthermore, RMSE results suggested poorer performance of solar radiation in nearly all seasons. Ahmadi et al. (2009) also suggested that solar radiation is a difficult parameter to obtain as was also confirmed by Ishak et al. (2010) . The related bias and RMSE statistics are represented in Table 2 .
Seasonal trend in the ETo products
For demonstrating the seasonal variations between the ETo products, trends between the ERA interim, NCEP and MODIS time series were plotted (Fig. 3) . The simulated and ground-based observations indicated that during the year, the ETo increased from April to July and then decreased in October, exhibiting a bell-shaped response in the pooled datasets plot. Higher ETo from April to July (usually, the driest and warmest period of the year) was observed in the time series. However, in October, a progressive decrease in solar radiation and temperature caused a decrease in ETo during this month. The ETo pattern suggested that October was generally the wettest period during the analysis. The graph indicated a high temporal relationship with the ground-based ETo for all the three products, with a better pattern in case of ERA interim and MODIS than NCEP.
The Box and Whisker plot was used to give a clear, detailed, and easy-to-read overview of the products and to present the descriptive statistics as clearly and accurate as possible (Fig. 4) . It was used to demonstrate the variation in the three ETo products with different seasons. The plots described five parameters: median, lower and upper extremes, and lower and upper quartiles. The line across the box represents the median, and the box is delimited by the quartiles and the whiskers by the extremes. Box plots with long whiskers at the top of the box indicate that the underlying distribution is skewed toward high ETo estimates, whereas low whiskers indicate deviation toward lower value. Box plots with large spread indicate high variations in the ETo datasets. By inspecting the plots, it is possible to visualize differences among the three products with seasonal changes. In most cases, the upper whisker of NCEP exhibited a lower value than the observed datasets and also the ERA interim/MODIS, indicating an underestimation of the higher ETo values. Generally, for all datasets, the median values for ETo were closer to the lower quartile, except for April and July, where the most frequent values were toward the upper whisker. This was possible due to the higher ETo values in July. In general, the NCEP datasets showed less variation (low interquartile range) as compared to the observed, ERA interim, and MODIS datasets in April and July. The median and the upper and lower quartiles in the case of the NCEP also indicated lesser values in comparison to the other datasets, indicating a high underestimation during these months. Furthermore, to estimate the overall performances of the products, the correlation, RMSE, and bias were calculated. Similarly, for the pooled datasets, NCEP indicates a less variation in the datasets with most of the data skewed toward the higher values. The variation in MODIS data is also higher as compared to NCEP, with median values toward lower quartile. The median indicates that MODIS and NCEP are mostly underestimated compared to observed ETo, with higher values in the case of NCEP-estimated ETo. The median of ERA interim is very close to observed datasets, with nearly similar low whisker, which indicates that most of datasets in ERA interim are in agreement with observed ETo datasets.
Agreement of predicted ETo against reference measurements
The Taylor diagram (Fig. 5 ) is used to show the performance of ETo products from NCEP, ERA interim, and MODIS as compared to the observed datasets. The circle mark in the x axis, called reference point, represents the perfect fit between model results and data. The closer a label is to the reference point, the higher will be the model performance. The correlation (r), root-mean-square deviation (RMSD), and standard deviation (SD) are calculated in the plots between simulated and observed datasets. The seasonal performance of the ETo datasets indicated that during most of the months, the NCEP model performance was very poor, indicated by a poor performance statistics in the Taylor plot as compared to other datasets. In terms of correlation, MODIS performance was better in comparison to the ERA interim and NCEP ETo during the months of April and July. However, in October, MODIS performance was comparable, which could be related to the poor interaction of ancillary datasets used in the MODIS ETo formulation. Furthermore, some cloudy days could create a problem in satellite retrieval of ETo as MODIS is an optical satellite and not transparent to the clouds. Although the correlation of MODIS is comparable to ERA interim, in terms of all the three statistics, ERA interim was found much better than MODIS or NCEP. The NCEP datasets indicate a remarkable improvement in July month as compared to the other months and lesser bias and RMSE as compared to the MODIS. A Taylor plot was also generated to estimate the accuracy of the pooled datasets. The overall analysis indicates that the standard deviation of NCEP-estimated ETo showed higher overestimation in comparison to the MODIS and ERA interim datasets. From RMSD and r statistics, ERA interim exhibited lowest error and high correlation as compared to the MODIS and NCEP products, which indicate that ERA interim was more efficient in ETo estimation in comparison to MODIS and NCEP products and promising for hydrometeorological applications.
Diagnostic performance of ETo products
To understand the quantitative statistics, the relative performance between seasonal and pooled ERA interim, MODIS, NCEP with observed ETo are given in Table 3 . To estimate the underestimation/overestimation between the datasets quantitatively, bias statistics was also taken into account. The seasonal comparison of the datasets in case of NCEP indicated a higher agreement in July in terms of correlation (r), although a higher bias and RMSE were reported during this month (r= 0.97, RMSE=13.40 mm/8 days; bias=−12.84 mm/8 days). Similarly, for the ERA interim product, a better performance was obtained in July, indicated by a high r, low RMSE, and low bias among all the seasons (r=0.93, RMSE=2.76 mm/ 8 days; bias=0.55 mm/8 days). The highest correlation in case of the MODIS product was exhibited in April (r =0.98, RMSE=9.70 mm/8 days; bias=−9.40 mm/8 days). In general, Fig. 3 Seasonal trend in the estimated ETo the MODIS and NCEP datasets have underestimated the ground-based ETo. As can be seen from the bias statistics, the ERA interim followed the seasonal variation better than the MODIS and NCEP product with least bias in almost all the seasons. In contrast, slight overestimation is observed for the ERA interim datasets for all months except October. However, this overestimation is very less as values are very close to zero as compared to other datasets. This overestimation could be due to the rapid decrease in solar radiation during that month. In the case of the ERA interim and MODIS products, results for all 3 months showed good agreement with the observed datasets, indicated by a high coefficient of correlation. RMSE values also indicated similar trends, with the ERA interim and MODIS products performing better for all seasons in comparison to the NCEP product. Results for the pooled datasets also indicated a higher agreement for the ERA interim ETo (r= 0.96, RMSE = 2.76 mm/8 days; bias = 0.24 mm/8 days), followed by MODIS (r=0.95, RMSE=7.66 mm/8 days; bias = −7.17 mm/8 days) and NCEP (r = 0.76, RMSE = 11.81 mm/8 days; bias=−10.20 mm/8 days), with the observed datasets. The performance statistics of the pooled datasets indicated that the ERA interim and MODIS products outperformed the NCEP product and are more applicable to a range of hydrometeorological applications. Nevertheless, the seasonality trend indicates that the NCEP datasets could be promising, but need more research regarding its quality. The overall results indicated that the ERA interim derived ETo was very promising. The downside with estimating ETo at higher resolution from ERA interim and NCEP is that both need high computational power and an expert knowledge of WRF downscaling and simulations, which restricts its use to specific communities. The advantage of WRF mesoscale models is that they can downscale global reanalysis data to much finer resolutions in space and time, for hydrometeorological investigations. The advantage in downscaling both the ERA interim and NCEP products with WRF data is that higher-resolutioneven up to 1 km at hourly interval-datasets can be obtained. WRF downscaling can also provide hourly weather ETo datasets, which can be useful for hydrological prediction such as with rainfall runoff models. On the other hand, the MODIS product is easily accessible in a number of different formats for end users, and analysis indicates a comparable performance to the ERA interim product, which makes it suitable for diverse communities. Moreover, the ERA interim and NCEP products only provide weather variables, which need conversion to ETo using the PM equation, making the process more complicated and time-consuming. The MOD16 product is readily available for use (users do not have to do any PM equation calculation) and is also provided in a format compatible with most image-processing software platforms.
Conclusions
Validation efforts have been made to determine the absolute accuracy of the ETo predictions by different techniques. This includes examination of their predictions in respect to capturing the spatial and temporal variability within seasons. The ETo predictions from both optical satellite images, such as MODIS, and mesoscale model, such as the WRF model, have both been evaluated in this study with respect to their seasonal and overall performances.
In the present study, the accuracy and seasonal performances of ETo estimated from three globally distributed products available today, namely, the MODIS (MOD16), ERA interim, and NCEP products, downscaled using the Weather Research and Forecasting (WRF) model, were evaluated against corresponding ground-based datasets acquired over a site representative of a temperate climate in the UK. Findings of this work provide further supportive evidence of the potential value of ETo products for regional to mesoscale studies and practical applications.
Assessing the quality of ETo, such as those from MODIS and WRF products, are an ongoing challenge, and more research over new regions such as the data sparse regions of developing countries, are still required. Accurate information on ETo rates can provide tremendous support in sustainable water resource management as well as policy and decision making in those environments. However, before using datasets for environmental prediction, the quality of these datasets must be analyzed and presented in technical literature domain so that useful information can be derived. Furthermore, validation of these products at larger spatial scales is also necessary. Indeed, the validity of the MODIS/ WRF ETo estimation over larger scales is vital to support operational development of ETo products and to detect the associated possible causes of uncertainties which might hamper such future developments.
